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Abstract This paper explores the impact of the integration of technology and creativity in music on future music
composition, with a focus on the design and application of music generation systems based on deep learning. First,
a Markov chain model is constructed to analyse the distribution of musical notes. The CNN-Attention mechanism is
then combined to extract the main melody, and an improved Transformer-XL model is used to enhance the quality
of music generation. Objective evaluations show that in terms of repetition rate, the improved Transformer-XL model
achieved significant optimisation, with a repetition rate of only 17.63%, representing a 48.82% decrease compared
to Melody LSTM. Subjective evaluations revealed that the system achieved an average score of 4.12 across five
operational performance dimensions. In terms of music generation quality, the system scored 4.5 and 4.6 on the
two key dimensions of style consistency and musical authenticity, respectively, demonstrating a clear advantage
over the control system's scores of 3.2 and 3.3.

Index Terms deep learning, music generation, Markov chain model, CNN-Attention, improved Transformer-XL

. Introduction

Music and technology are intricately linked in many ways, and their mutual promotion and integration continue to
drive the advancement of technology and art [1], [2]. With the advent of the digital age, technology has further
influenced the art form of music, bringing revolutionary changes to music performance, dissemination, and
especially future music creation [3]-[5].

With the continuous advancement of technology, music creators can now utilise more convenient and precise
tools to complete their works, thereby creating a broader creative space for creators [6], [7]. This is primarily
reflected in the following methods: (1) Digital audio technology: Digital audio technology is a major achievement in
the integration of music and technology, enabling the digitisation and electronicisation of music [8], [9]. Through
digital audio technology, music can be recorded and edited with greater precision, making the music production
process more efficient and flexible [10], [11]. Additionally, digital audio technology has opened up new possibilities
for musicians to create more complex and rich musical works [12]. (2) Electronic synthesizers: Electronic
synthesizers are another important technological achievement in music, capable of simulating the tones and sound
effects of various instruments, playing a significant role in music creation [13], [14]. Through electronic synthesizers,
musicians can create various unique sound effects, adding freshness and creativity to musical works [15], [16]. (3)
Virtual reality technology: With the continuous development of virtual reality technology, an increasing number of
musicians are beginning to apply virtual reality technology to music creation and performance [17], [18]. Through
virtual reality technology, musicians can create music works with greater immersion and audiovisual effects,
providing audiences with a new musical experience [19], [20]. (4) Technology: Technology is a rapidly developing
field in recent years, and it has also brought new possibilities to music creation [21], [22]. Through technology,
musicians can use intelligent software for composition and arrangement, achieving automation and intelligence in
music creation. This new creative model provides musicians with more inspiration and possibilities [23]-[25].

Reference [26] points out that the application of computer technology has enriched the means and forms of music
creation and is also a key factor in the production and development of modern music. Based on this, the advantages
of computer technology in music creation are examined, and its application in music creation, arrangement, and
other areas is discussed. Literature [27] investigates the impact of technology on music composition, employing
ethnographic music survey methods and intuitive interpretation analysis methods to collect data. The results indicate
that digital technology has facilitated faster, more convenient, and higher-quality music composition, while also
promoting the widespread dissemination of music. Literature [28] explores the relationship between modern music
creation and technological development, analysing music and technology in two contexts: music creation and music
education. It reveals that human factors constrain the development of music, as people are reluctant to embrace
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the possibilities offered by new technologies. Literature [29] analyses the design and use of artificial intelligence (Al)
music tools for contemporary popular music creation, reporting on the performance of Al tools in music and
identifying usage patterns as well as the challenges and issues faced. Literature [30] aims to promote the
development of music creation by applying computer technology in music creation to achieve the goal of human-
computer interaction. Literature [31] emphasises that the creative application of digital technology has transformed
the ways in which music is created, disseminated, and consumed, and has also influenced the quality of music. By
analysing creative music production cases, it discusses new usage patterns and personalised music ‘consumption’
methods. Literature [32] examines the impact of Al technology on music creation and the music industry's economy.
By comparing two record companies, it highlights that works with moderate Al involvement have the highest
profitability, underscoring the importance of harmonious collaboration between humans and technology. Literature
[33] explores the application of Al technology in electronic music and composition. Based on a literature review, it
outlines the impact of Al technology on music and analyses the current status of Al technology application in
electronic music creation through a questionnaire survey, emphasising that the introduction of intelligent technology
in electronic music creation is not given sufficient attention. Literature [34] constructs a folk music creation model
based on electronic music technology and tests its functionality, with results validating the feasibility of the
aforementioned creation model, which effectively enhances the accuracy of music creation. Literature [35] explores
the practical issues encountered in the application of computer music production software in music composition,
combining outstanding musical works from China and abroad. The above studies explore the application of Al,
digital technology, computer technology, and other scientific and technological advancements in music composition,
emphasising that such technologies not only effectively improve the efficiency and quality of music composition but
also enhance the economic benefits of musical works.

This paper employs a Markov chain model for song analysis to extract the pitch and duration distribution patterns
of musical works. A CNN-Attention network integrating time-domain and channel-domain attention mechanisms is
designed to address the issue of feature weight allocation in melody extraction. An improved Transformer-XL model
with an enhanced Mask mechanism is proposed to overcome the convergence bottleneck in long-sequence music
generation. The effectiveness of the proposed model is validated through objective metrics. The negative log-
likelihood method is used to assess the fitting degree of different models. Music students are invited to provide
subjective evaluations to examine the performance advantages of the proposed system in terms of operability and
music generation quality.

The Impact of the Integration of Technology and Creativity in Music Education on Future Music Composition

ll. Design of a music generation system based on deep learning

Music creation is undergoing a paradigm shift driven by technology. With the rapid development of artificial
intelligence technology, the integration of technology and creation in the field of music has become a core issue of
concern in academia. To reveal the future development direction of music creation enabled by technology from an
interdisciplinary perspective, this paper explores the application paths of deep learning technology in the field of
music generation and its artistic value.

Il. A.Song analysis based on Markov chains

Il. A.1) Obtaining pitch sequences and duration sequences

In the processed sample melodies, the pitch composition of all notes in each song is extracted to form a pitch
sequence. Taking a certain song as an example, the pitch sequence of the monophonic melody obtained is as
follows:

S :{cz,a',gl,---,cl,a} (1)

P

In formula (m), S, represents the set of all note pitches in a song. The sequence represents the order and

number of pitches.
Using the same method, the note duration sequence of the sample song can be obtained as follows:

s :{l,l’l,...,l,l} 2)
' 488 84
In formula (2), S, represents the set of all note values in the song, where the sequence of numbers indicates
the order and quantity of note values, and the note values correspond to the pitch order
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Il. A.2) Obtaining note distribution

In this subsection, note distribution includes note pitch and duration. The Markov model needs to obtain the initial
distribution of pitch and duration separately.
The initial pitch distribution is obtained under the following conditions:

D(pm)=% (3)

As shown in Formula (@), the initial pitch distribution is the ratio of the number of pitches in a given pitch sequence
to the total number of pitches in the sequence. D(p, ) represents the distribution of a given pitch in a pitch

sequence, pn represents the number of times a given pitch appears in the pitch sequence, and py represents

the total number of pitches in the pitch sequence.
The initial duration distribution is obtained under the following conditions:

D(t,)= 7{_;] (4)

As shown in Formula (4), the initial time value distribution is the ratio of the number of occurrences of a specific
time value in a time value sequence to the total number of time values in the sequence. D(¢,) represents the

distribution of a specific time value in a time value sequence, ; denotes the number of times that time value
appears in the sequence, and 7y is the total number of time values in the sequence.

After applying the above processing to all sample songs, the initial distribution of notes and time values in the
overall data will be obtained, with the total distribution satisfying the following conditions:

Dp, = 2" (5)

Y. PN

As shown in Formula (H), Dp, s the distribution of a certain pitch in the pitch sequences of all sample songs.

an is the number of a certain pitch in the pitch sequences of all sample songs, and ZPN is the total number
of pitches in the pitch sequences of the sample songs.
The set SDp is the initial distribution of all note pitches in the entire sample song set.
SDp={Dp1,Dp2,Dp3,-”,Dpk} (6)

As shown in Formula (6), D¢

k
songs. Zm is the number of a certain time value in the time value sequences of all sample songs, and ZTN is

is the distribution of a certain time value in the time value sequences of all sample

the total number of time values in the time value sequences of the sample songs.

Di, = ZZ;N (7)

Set sp¢ represents the distribution of all note durations in the entire sample song collection.

SDt ={Dt,,Dt,,Dt,,--,Dt, } (8)

Il. B.Main melody extraction based on CNN-Attention

The main melody extraction network in this section is based on an encoder-decoder structure combined with an
attention mechanism. Since music data is relatively small, even the spectrograms obtained after data preprocessing
are relatively small images. Overly complex network structures can easily lead to overfitting when extracting main
melodies. Therefore, the principle of network design in this experiment is to keep it as simple as possible.

The structure of the main melody extraction network is shown in Figure \1. The Encoder-Decoder network of the
main melody extraction network consists of three layers for both the encoder and decoder, with each layer
comprising an Attention module and an up/down sampling layer. A one-dimensional convolution layer is added at
the end to assist in extracting the main melody.
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Figure 1: Melody extraction network structure

(1) TAttention module

The TAttention module is shown in Figure \2\ and consists of two parts, corresponding to two Attention structures.
The attention mechanism has good modelling capabilities for relatively long music data, and since the notes in
music are closely related, the attention mechanism can also fully learn the correlations between the notes and
distinguish between primary and secondary notes, thereby identifying the notes corresponding to the main melody.

(CF,T)

Figure 2: TAttention module

1) Time-domain attention mechanism: In a music sequence, each time point along the time axis either has a main
melody or does not. The attention mechanism is used to model the correlations between different time points, and
through network learning, the importance of each time point is determined, with different weight coefficients
assigned to each time point, thereby emphasising important features and suppressing non-important features. In
this section's experiment, we need to identify which time points in the music sequence are important and which are
secondary. The introduction of the temporal attention mechanism can effectively improve the accuracy of main
melody extraction. As shown in Figure 2, the temporal attention mechanism is implemented using one-dimensional
convolution. Specifically, the information is first compressed into the temporal domain, as shown in Formula (9).
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This is achieved through a mean operation. Subsequently, one-dimensional convolution is used to learn the weights
in the time domain.

v-5205, ©

2) Channel-domain attention mechanism: In a convolutional neural network, each spectral map is initially
represented by one or more channels. After passing through different convolution kernels, each channel generates
new signals. For example, if each channel of image features uses a 64-kernel convolution, it will produce a matrix
with 64 new channels (F,T,64), F,T representing the frequency domain (height) and time domain (width) of the
spectral map, respectively. Each channel's feature essentially represents the component of the spectral map under
different convolution kernels. Since each signal can be decomposed into components on the kernel function, the
contribution of the new 64 channels to key information will vary. If we assign a weight to each channel's signal to
represent its relevance to key information, a higher weight indicates greater relevance, meaning that channel
deserves more attention. This strategy was also adopted in this section for audio processing. First, different
processing methods are applied to the same audio segment to obtain different results, which are then treated as
different channels for processing. In this experiment, as shown in Figure E the channel-domain attention
mechanism is implemented using a fully connected layer, similar to SENet. First, the information is compressed
across channels, as shown in Formula (110), which is achieved through a mean operation, and then the weights are
learned through the fully connected layer.

=13y, (10)

(2) Tail Convolution

When predicting the main melody, it is necessary to consider the case where the frequency is 0. However, in this
section's experiment, the frequency sequence was filtered during data processing, and the filtering was
implemented using an exponential function, so the case where the frequency is 0 is missing. Therefore, a tail
convolution was specifically added to predict the case where the frequency is 0. The output of the main network is
set to (B,l,F,T), and the tail convolution accepts this output. It then compresses g through a one-dimensional
convolution, ultimately obtaining an output of (B,1,1,T) representing the case of frequency 0. This is then
connected to the output of the main network to produce an output of (B,LLF+1,T) asthe final output of the entire
main melody extraction network.

(3) Loss function

The loss function of the main melody extraction network proposed in this section is shown in Formula (11).

L(y,7)=BCE(y.) (11)
The binary cross-entropy loss function (BCE) in the loss function is shown in Formula (12).
BCE(%}A’):_ZZI(J’I‘ logf/i+(l—yi)10g(l—j/i)) (12)

Among them, 3§ represents the network's predicted value, and y represents the true value.

Il. C.Music Generation Based on an Improved Transformer-XL Model

Given the advantages of the Transformer-XL model in handling long sequence tasks, this paper selects
Transformer-XL as the music generation model and improves its masking mechanism. The Transformer-XL model
inherits the traditional Transformer architecture, with an encoder on the left and a decoder on the right. By
incorporating a segment-based recurrent mechanism and modifying the relative position encoding within the
Transformer structure, it evolves into the Transformer-XL model. This paper further improves the Mask mechanism,
and the structure of the improved model is shown in Figure 3.
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Figure 3: The improved Transformer-XL structure

In the modelling of music, the main framework of the model is based on Transformer-XL, with an improved
masking mechanism added to enable the model to see bidirectional information. During training, this paper divides
the entire piece of music into multiple segments. The hidden features of the ;1 layer of the 7 segment of the
piece can be represented as:

Bt =[sG(h)en (13)

Among them, the features of the ¢ segment utilise the memory features of the previous segment. Although they
do not participate in BP calculations, they are also concatenated in dimension, which is equivalent to the current
segment reusing the information of the previous segment, increasing the model's dependency, expanding the
model's sequence processing length, and effectively solving the fragmentation problem.

When the model is trained, the information of each segment of the input music is represented by the query vector,
key vector, and value vector:

T

q:’,k:,v" — h:_ll/VqT,h:_lkaT,h:_IVVVT (14)

In the recursive self-attention calculation, the query vector is represented solely by its own features without the
addition of a recursive mechanism, while the key vector and value vector both combine the features of the previous
segment. 7 is the weight that the model needs to learn.

Since the improved Transformer-XL model also uses relative position encoding, the hidden features of the ¢
layer of the » segment in the model can be calculated using the hidden features of the ,_1 layer:

Al =@k + @R +ul k] VIR, (15)
a;, = Im proved — Mask — Soft max (A:J. )v:’i (16)
a: =[0‘:,1 00[:’2 o...Oa:wm :IT w" (17)
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Among them, ¢”. is the attention feature of the ; head obtained by self-attention calculation of the query vector,
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key vector, and value vector. After that, it undergoes a series of calculations, including normalisation, residual
connection, and positional feedforward network, to obtain the potential feature representation of each position in
each segment:

z!' = LayerNorm (Linear (a;’ ) +h! ) (18)
K, = max (0,21, +b]' )Wy +b} (19)

Among them, p" represents the n hidden feature of the 7 segment in the piece of music, and the output 5"

can be calculated using the Softmax function to obtain the predicted probability of each note at each moment:
hrl
P _ew(iy) (20)

2 vexp (k)

Through experimentation, it was found that most music generation models struggle to converge when generating
music exceeding 16 bars, and the quality of the generated music deteriorates sharply. Music beyond 16 bars sounds
chaotic, as if it were forcibly spliced together. Therefore, many music generation models are unable to generate
music with more bars while maintaining quality, resulting in shorter durations. However, this paper improves the
mask mechanism in the decoder during the training of the main model, enabling the model to utilise bidirectional
information during training and converge when generating music with a larger number of bars. By improving the
mask mechanism, the model can generate music with 32 bars or more, extending the duration of the music. After
setting the hyperparameters, this paper compared the convergence curves of the improved Transformer-XL model
and the Transformer-XL model when generating 32-bar music. By comparing the convergence curves, it was found
that after improving the Transformer-XL's Mask mechanism and adding a probabilistic selection method, the model
achieves lower training loss and better training performance when generating music with a larger number of bars,
thereby demonstrating the effectiveness of the improved Mask mechanism.

lll. Application and effectiveness analysis of deep learning-based music generation
models

lll. A. Experimental results

lll. A. 1) Objective evaluation

To validate the effectiveness of the improved Transformer-XL model, this study selected popular music fragments
from the Lakh MIDI dataset as sample data. The waveform comparison between the music generated by the
improved Transformer-XL model and the sample music is shown in Figure 4. It can be seen that the waveform of
the music generated by the improved Transformer-XL model is highly consistent with the sample music in terms of
time-domain features, and the model has successfully inherited the style of the sample music.

Sample music

Amplitude

Generated music

Time/s

Figure 4: Comparison of Music Waveforms

Pitch distribution can to some extent reflect the similarity in style between two pieces of music, so this experiment
requires the statistical analysis of the pitch distribution of each model's output results. The experiment was set up
as follows: in each model's 200 compositions, 40 used the same input segment, and among these 20, four models
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used the same input segment. The final pitch distribution was calculated as the average of the 40 trials. There are
two advantages to this approach: first, it effectively controls the influence of irrelevant variables on the experiment;
second, it uses multiple trials to eliminate random errors. Both of these advantages make the experimental results
more convincing.

MusicalRNN and Original Transformer-XL were used as control models. The pitch distributions of the sample
music, the improved Transformer-XL model, and the average pitch distributions of the 40 outputs from the two
comparison models are shown in Figure @ The average pitch distribution of the melodies generated by the improved
Transformer-XL model shows the highest similarity to the sample's pitch distribution, followed by the Original
Transformer-XL model. This preliminary indicates that the Transformer-XL model has stronger learning capabilities
regarding the sample's musical style, and that the improvement strategy proposed in this paper is effective.

/]

/" |/l Sample music I MusicalRNN ‘

0.16 — / ~ Original Transformer-XL% Improved Transformer-XL
0.14 3
0.12 y 1

o 010 —- L 14

§ 0.08 — - dl o B ,
0.06 { R ‘ ﬂ ,
0.04 - I ‘ ‘ "' 1 ‘
0.02 _: r L g . " ,,,//
0.00 /I T T T T 7 T T T 7T T T T

C C# D D#¥ E F F# G G# A A# B
Note

Figure 5: Comparison of average pitch distribution results

In addition, this paper introduces four mainstream music generation models and compares them based on three
metrics. The comparison results are shown in Table [1. The three sets of data shown in Table 1) are the average
values obtained from 200 trials for each model. The composition model based on Transformer-XL significantly
outperforms other models in terms of similarity and repetition rate. Especially in terms of repetition rate, the improved
Transformer-XL achieves a substantial optimisation, with only 17.63%, representing a 48.82% decrease compared
to Melody_LSTM.

Table 1: Results of the comparison

Model Similarity Repetition rate Yield rate
MusicalRNN 30.18% 30.44% 51%
Original Transformer-XL 36.45% 21.53% 56%
Improved Transformer-XL 39.06% 17.63% 62%
ACMN 28.48% 32.59% 47%
DLGN 26.11% 46.77% 34%
Bidirectional LSTM 16.36% 54.16% 30%
Melody_LSTM 10.17% 66.45% 32%

lll. A.2) Fitdegree

The music21 library in Python was used to process the data, and the training cycle was set to 2000 cycles. The
change in loss during model training with the training cycle is shown in Figure @ When the training cycle was 500,
the model converged, and the training loss stabilised at around 0.7.
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Figure 6: Curve of Loss Variation

MusicalRNN, Original Transformer-XL, and Improved Transformer-XL networks were trained using the same data
representation format, and their performance was evaluated. The purpose of maximum likelihood estimation (MLE)
is to minimise the cross-entropy between the true data distribution p and the data distribution q generated by the
model. By measuring MLE, metrics can be designed to assess the fit between the data and the model. This not only
tests the details of the data but also considers the details of the model. Negative Log-Likelihood (NLL) is an improved
metric based on Maximum Likelihood Estimation, specifically designed to describe the fit between generated data
and real language. The NLL-test loss comparisons for different models are shown in Figure 7. The improved
Transformer-XL converges faster and achieves good performance on this metric. The improved Transformer-XL
achieves the best NLL performance throughout all stages, while MusicalRNN performs the worst. Due to the
similarity of the models, the curves of the original Transformer-XL and the improved Transformer-XL are nearly
identical before training round 65. After training round 65, the competitiveness of the original Transformer-XL
significantly decreases, further validating the effectiveness of the improvement strategy proposed in this paper. The
music generated by the improved Transformer-XL is more closely aligned with real music.

14

Improved
Transformer-XL

Original
Transformer-XL
MusicalRNN

140

Figure 7: Comparison of NLL-test loss for different models

lll. B. Application Effect Analysis

To validate the practical application effectiveness of the music generation system described in this paper, 20 music
students were invited to participate in a scoring evaluation. Scoring data was collected using a double-blind testing
method, and a 5-point Likert scale (0-5 points) was employed to quantitatively assess the system's various metrics.
A mainstream music generation system was selected as the control group to compare the performance of the two
systems across five dimensions: user-friendliness, page simplicity, ease of operation, editability, and degree of
human involvement (designated as A1-A5, respectively). The comparison results of operational performance in
song creation between the two systems are shown in Figure 8. The average score of this system across the five
dimensions reached 4.12 points, significantly higher than the control system's 3.08 points.
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Figure 8: Comparison results of operational performance of different systems

Further evaluation of the performance of the two systems across five dimensions—predefined style quantity, style
consistency, detail level, demand matching, and musical authenticity (denoted as B1-B5)—reveals the following
results. The comparison of music generation performance between the two systems is shown in Figure 9. Our
system achieved scores of 4.5 and 4.6 in the two critical dimensions of style consistency and musical authenticity,
respectively, demonstrating a significant advantage over the control system’s scores of 3.2 and 3.3. Overall, this
confirms the advantages of the improved Transformer-XL model in maintaining musical style consistency and
enhancing generation quality, providing reliable technical support for the deep integration of technology and

creativity in the field of music.
4.5 4.6
54 i 42 4.3
4 32 G 33
| 2.6
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2 -
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Figure 9: Comparison results of music generation performance of different systems

IV. Conclusion
This study developed a music generation system based on deep learning, demonstrating the feasibility of combining
technology with music creation.

The average pitch distribution of the melodies generated by the improved Transformer-XL model shows the
highest similarity to the pitch distribution of the sample, followed by the original Transformer-XL. In terms of repetition
rate, the improved Transformer-XL has been significantly optimised, with only 17.63%, a decrease of 48.82%
compared to Melody_ LSTM. The improved Transformer-XL achieved the best NLL scores throughout the entire
process, while MusicalRNN performed the worst.

In terms of music creation applications, the average score of this system across the five operational performance
dimensions reached 4.12 points, significantly higher than the 3.08 points of the control system. In terms of music
generation quality, this system scored 4.5 points and 4.6 points in the two key dimensions of style matching and
musical authenticity, respectively, showing a clear advantage over the control system's 3.2 points and 3.3 points.
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